Abstract: Assessing and monitoring forest degradation under national Monitoring, Verification and Reporting (MRV) systems in developing countries have been difficult to implement due to the lack of adequate technical and operational capacities. This study aims at providing methodological options for monitoring forest degradation in developing countries by using freely available remote sensing, forest inventory and ancillary data. We propose using Canopy Cover to separate, through a time series analysis approach using Landsat Imagery, forest areas with changes over time from sectors that report a "stable condition". Above ground Biomass and Net Primary Productivity derived from remote sensing data were used to define thresholds for areas considered degraded. The approach was tested in a semi-deciduous tropical forest in the Southeast of Mexico. The results showed that higher rates of forest degradation, 1596 to 2865 ha year −1 , occur in areas with high population densities. The results also showed that 43% of the forests of the study area remain with no evident signs of degradation, as determined by the indicators used. The approach and procedures followed allowed for the identification and mapping of the temporal and spatial distribution of forest degradation, based on the indicators selected, and they are expected to serve as the basis for operations of the Reduction of Emissions from Deforestation and Forest Degradation (REDD+) initiative in Mexico and other developing countries, provided appropriate adaptations of the methodology are made to the conditions of the area in turn.
Introduction
Reducing emissions from deforestation and forest degradation (REDD+) implies the implementation of efficient monitoring methods for providing high-quality data on forest degradation and its changes, according to reporting standards and IPCC guidelines [1] . Since its beginnings, one of the main criticisms of REDD+ has been that its measuring, reporting and verification (MRV) systems focus mainly on deforestation because it is easier to measure, as compared to forest degradation [2] . The main issue and obstacle in attaining and implementing a strong MRV system are sometimes the lack of reliable data, over time, for some forest types and, therefore, the substantial uncertainty involved in the estimates [3] .
Methods for monitoring the current state and changes of forest carbon stocks within a REDD+ regime exploit the advantages and the potential of satellite-borne or airborne remote sensing imagery [4] . There are a fair number of studies that explore the capabilities of remote sensing in carbon accounting techniques under REDD+ strategies using different remote sensing approaches an attribute that is measurable and can be used to monitor and retrieve site-specific histories of different stages within the forest landscape dynamic [23] . Canopy Cover has already been used as an indicator to monitor and map forest degradation in different contexts [24, 25] .
As the avoidance of forest degradation (under the REDD+ strategy) seeks to maintain carbon in the living biomass on the ground, the most practical monitoring approach focuses on the assessment of Above-ground Biomass (AGB) as the main indicator of forest degradation. Assessment of AGB makes the monitoring of changes more targeted and efficient [14, 26] .
Although the design and implementation of a methodological framework for REDD+ presents many technical and practical challenges, the progress in the application of remote sensing science for forest assessments [9] , together with the relatively recent changes in policies for access to remote sensing data [27, 28] and the availability of consistent National Forest Inventory data converge in providing a valuable set of tools that yield valuable information is considered as the the basis for designing the methodology tested in our study.
Materials and Methods

Study Area
The area selected for this study lies in the central region of the Yucatan Peninsula in Mexico (Landsat World Reference System-2: Path 020, Row 046), inside of the watershed "Menda 1", comprising nine sub-watersheds: "32-132-01-081", "Bombahaltun", "Emiliano Zapata", "Labna", "Sahcahmucuy", "San Agustin", "X-Kobenhaltun", "Xul", and "Yaxhachen" (Figure 1 ), where the landscape is dominated by semi-deciduous tropical forests punctuated by crop fields (maize, and other grains), and several rural settlements with various degrees of urbanisation. The agriculture in the area is strongly dominated by shifting cultivation, characterised by a slash-and-burn agriculture, mainly of a crop association of corn-beans-squash [29] . As the avoidance of forest degradation (under the REDD+ strategy) seeks to maintain carbon in the living biomass on the ground, the most practical monitoring approach focuses on the assessment of Above-ground Biomass (AGB) as the main indicator of forest degradation. Assessment of AGB makes the monitoring of changes more targeted and efficient [14, 26] .
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Data
Landsat Imagery
Landsat Enhanced Thematic Mapper (ETM+) and Thematic Mapper (TM) imagery were obtained from the USGS website (http://glovis.usgs.gov). In the study area, as in other tropical regions, cloud cover limited the choice of imagery available per year; however, the probability of acquiring at least one cloud-free Landsat image per season is relatively high [30] . In total, 155 Landsat scenes were downloaded. The images were in a L1T geometrically corrected format and were 
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Landsat Imagery
Landsat Enhanced Thematic Mapper (ETM+) and Thematic Mapper (TM) imagery were obtained from the USGS website (http://glovis.usgs.gov). In the study area, as in other tropical regions, cloud cover limited the choice of imagery available per year; however, the probability of acquiring at least one cloud-free Landsat image per season is relatively high [30] . In total, 155 Landsat scenes were downloaded. The images were in a L1T geometrically corrected format and were atmospherically corrected using the Second Simulation of a Satellite Signal in the Solar Spectrum (6S) radiative transfer approach [31] .
Landsat 7 ETM+ images acquired with the SLC-off (i.e., SLC failure in 2003) were corrected using the Geostatistical Neighbour Spatial Pixel Interpolator algorithm, GNSPI, [32] . The GNSPI has proven to efficiently estimate pixels missing due to SLC failure, and its outputs are suitable for forest monitoring applications [33] . Landsat Images were separated according to their recording date (i.e., wet or dry season), and a first cloud filter was applied. Imagery with more than 10% cloud cover was avoided and was not included in the analysis.
High-Resolution Imagery
Available high spatial resolution images (provided by Google Earth™) were used to help in the interpretation of land cover classes and for the validation of the accuracy of the forest cover estimates. In addition, we used imagery from Google Earth for visual guidance in the interpretation of the trajectory analysis results. From the INIFAP meteorological network, five different meteorological stations were used in this study, distributed over the study area (Table 1) . For each meteorological station, solar radiation (W/m 2 ), daily mean, maximum and minimum temperature ( • C), total precipitation (mm) and potential evapotranspiration (mm) were acquired from 1 January 2007 to 31 December 2013.
Digital elevation models (DEMs) and land use data, from the study area, were acquired from the National Institute of Statistics, Geography, and Informatics (INEGI, Aguascalientes, Mexico). The ArcGIS™ 10.3 software package was used to visualise, explore and process all spatial data of the study area extent. The spatial resolution of the data and the projection system were kept the same as the surface reflectance images. 
Forest Degradation Concept
The first step in the methodological design required the identification of an operational definition of forest degradation and its component indicators. Two assumptions needed to be made to implement the trials with the methods: (a) that a comparison between an "optimal" and "non-optimal" state of the forest should be set to establish the reference state and (b) that the indicators selected reflect forest condition and help to define the reference state. Therefore, after conducting an intensive analysis of the literature, we based our definition of forest degradation mainly with reference to two approaches: the criterion/indicators [13] and the benchmark/landscape [12] methods.
The criterion/indicators approach uses five criteria that relate to drivers of degradation, loss of ecosystem services and the need for sustainable management, unusual disturbances, protected functions, and carbon storage. Then, a subset of at least seven indicators for the five criteria should be assessed to determine forest degradation [13] . The benchmark/landscape method uses a local benchmark that represents areas of low or no degradation that have comparable biophysical characteristics for measuring forest degradation [12] .
In this approach, forest degradation is defined as the result of changes in forest structure that disrupt the capacity of a forest ecosystem to maintain carbon stocks under natural conditions. This definition is based on the use of a set of indicators, mainly derived from remote sensing data, and the establishment of a local benchmark (reference state), according to the criterion/indicators [13] and the benchmark/landscape [12] methods.
The set of indicators of forest degradation selected for this study were Forest Canopy Cover, Above-ground Biomass and Net Primary Productivity. These indicators were deliberately selected due to the ability to estimate their spatial and temporal variability under a remote sensing approach, using the time-series image stack. These indicators emerge from the definition of forest degradation provided above.
Estimation of Forest Degradation Indicators
Canopy Cover
The CLASlite™ image processing system [34] was used to develop the fractional cover and forest cover maps for the Landsat imagery dates over the study area. CLASlite™ can distinguish and separate Photosynthetic Vegetation (PV), Non-Photosynthetic Vegetation (NPV), and Bare Soil (S) into layers from the core process within CLASLite™ called "Automated Monte Carlo Unmixed Process" (AutoMCU). These outputs provide a quantitative analysis of the fractional or percentage cover (0-100%) of live and dead vegetation and bare substrate within each Landsat pixel [34] . The AutoMCU sub-model is based on a probabilistic algorithm designed for savanna, woodland, and shrubland ecosystems and later modified for tropical forests [35, 36] . The method uses three spectral endmember libraries to decompose each image pixel into three different elements that can be used to infer the percentage of forest canopy cover for each pixel of the Landsat imagery. The Photosynthetic Vegetation (PV) layer (0-100%) was used as an equivalent of field forest canopy cover (0-100%) for subsequent analysis.
Overall accuracy of the forest canopy cover layers was measured by computing the Kappa coefficient [37] from the percentage of pixels classified correctly in contingency tables, and by computing cross-tabulation quantities and allocation disagreement indices [38] against data from the field and forest inventory data.
Net Primary Productivity (NPP)
NPP was calculated according to the theory of Light Use Efficiency (LUE) as follows [39, 40] :
where PAR is photosynthetically active radiation (MJ/(m 2 month)), fPAR is the fraction of PAR absorbed by vegetation canopy, ε is the light use efficiency coefficient (g of C/MJ) and includes the plant respiration costs [41] .
Light Use Efficiency Coefficient (ε)
The Light Use Efficiency coefficient ε was derived following the MODIS-GPP approach [42] where ε is calculated from two factors: the biome-specific maximum conversion efficiency ε max and the effect of temperature f (T) and water on plant photosynthesis f (W) [39] .
Estimation of fPAR and PAR
To estimate fPAR, an empirical relationship between fPAR as measured in the field, and the Normalized Difference Vegetation Index (NDVI), was used. Pearson correlation coefficients (r) were used to assess the strength of the relationship. NDVI was selected to correlate fPAR based on previous reports of successful correlation [40, [43] [44] [45] . The measurements of fPAR (62) were taken randomly within the study area using a ceptometer model Accupar LP-80TM during the beginning of the rainy season of 2013. Due to the lack of available imagery that matches the period of the measurements, an image from 2012 within the rainy season (December) was used to derive the correlation coefficients. A linear model was fitted to derive values of fPAR from other satellite imagery.
Data acquired from meteorological stations as radiation (W/m 2 ) were converted to PAR daily solar units (MJ). Then, solar radiation was converted to PAR using the coefficient 0.47 [40, 46] . Later, daily PAR was converted to monthly values and spatially interpolated across the extent of the study area.
The Calculated Length Growing Period (LGP) [47] was used to separate and classify Landsat imagery to be used for monthly NPP estimates.
LGP was used to avoid the mismatch of Landsat imagery within the wrong phenological state of the forest.
Above-Ground Biomass
Diameter at breast height (DBH), tree height (H) and species name were extracted from each sampling plot unit from the National Forest Inventory dataset and used for calculating individual tree above-ground biomass (AGB) for the species found in the study area. To estimate AGB per tree, we used allometric equations reported for the area [48] . These individual data (20,731 trees) were added on a per plot basis and used to extrapolate to a per hectare basis. Conversion of biomass/carbon from conglomerate to hectares was achieved using the "Ratio of Means" [49] . Later, AGB estimates were related to spectral variables obtained from satellite imagery. (Table 2) . These indices were used to seek and identify those that are strongly correlated to forest biomass (AGB) measurements to generate estimates of biomass in the analysis. The calculation of the vegetation indices used reflectance values at different wavelengths so as to enhance information related to vegetation while reducing influences from environmental conditions and shade. Table 2 . Vegetation indices used in this study.
Vegetation Index Equation Author
Raw bands G, R, NIR, MIR, SWIR [50] Normalized Difference Vegetation Index (NDVI)
Normalized Difference Wetness Index (NDWI)
) [56] Photosynthetic Vegetation (%) Layer (PV) N/A [57] Above-Ground Biomass Estimation
Landsat Images from January 2005 and December 2010 were used as inputs to match the forest inventory data from periods 2004-2007 and 2009-2011, respectively. To estimate above-ground biomass, computed vegetation indices from Landsat imagery were resampled to a pixel size of 100 m to match the data from AGB plots at the same working scale (1 ha), for later analysis. The minimum and maximum values of the dataset were included in the calibration sample set selected, so that the domain limits of the model over which the validation process could be used, were included in the calibration. The remaining sampling points available were randomly divided into two groups consisting of 85% of the data points for model selection and 15% for validation.
Multiple regression analysis was used for biomass estimation. We evaluated the independent variables by using the variance influence factor (VIF) as multicollinearity normally occurs between remote sensed values [58] . To diminish multicollinearity problems, we applied a principal components analysis to generate new variables to develop biomass estimation models. The predictive models were validated using the leave-one-out cross-validation procedure by calculating the corresponding cross-validated coefficient of determination (R 2 cv) and the root mean square error (RMSEcv).
A random sample representing the 15% of the field plots data was not included in the construction of the models but was used for validation purposes. We compared data extracted from the AGB estimates maps against data from the field and forest inventory databases by using the RMSE and RMSE%. In addition, we calculated the Pearson correlation coefficient (r) as a measure of linear fit between predictions and observations. All data analysis carried out in this study was performed using the "R" software package (http://www.r-project.org/).
Temporal Change Detection
To derive spatial and temporal patterns and to set up reference state for further comparisons, we conducted a multi-temporal analysis for selection of threshold values for the indicators used. We used the BFAST and BFAST monitor algorithms [59, 60] as the tools to perform a trajectory analysis of canopy cover derived from Landsat imagery (74) from the period 1987 to 2014. The Breaks For Additive Seasonal and Trend (BFAST) method is an iterative algorithm that combines the decomposition of time series into seasonal, trend, and remainder components as methods for detecting changes. BFAST integrates the iterative decomposition of time series into trend, seasonal and noise components with methods for detecting and characterizing changes within the time series [61] .
The workflow to implement the BfastSpatial algorithm required the following steps: (a) pre-processing of surface reflectance data; (b) inventorying and preparing data for analysis and (c) analysis and formatting of change detection results. The algorithms were implemented using the BfastSpatial package for R software available at http://github.com/dutri001/bfastSpatial.
Change detection based on bi-temporal images [62] was implemented to detect Biomass and NPP change layers. The choice of this approach considered the fact that biomass/carbon data were available only in two different periods (2004-2007 and 2009-2011) . Even though NPP data were available from the period 2007-2013, for the sake of completion, the bi-temporal change detection of this indicator was also computed.
Setting up a Reference State
First, the forest areas were isolated using the land cover map produced by the Mexican Government (INEGI, 2014), which was used later to compare it to the forest cover produced in this study. This step ensures consistency between outputs. Second, from the BFAST process, forest areas that show consistency (i.e., "stable" forests) from the time series analysis, were used to delineate the relative reference state (i.e., baseline) for forest areas. The next step followed was to calculate Net Primary Productivity and total carbon stocks for the areas highlighted with no change. Biomass (AGB) and NPP layers were used to compute Total Ecosystem Carbon Stock according to the carbon carrying capacity of the forest [20] . Values of AGB and NPP within areas with no change were used to set up reference states.
Field Validation
Visits to the study area during the beginning of the rainy season of 2013 were conducted to perform an independent collection of data (CC and AGB) and to validate some of the assumptions made during the initial stage of the research regardless of forest degradation. Using aid from local people, we were able to visit areas that are being used for agriculture, livestock and areas that had/have signals of selective logging, and areas with no evident signals of human intervention. Those areas were used as "ground truth" to verify partially the areas defined as part of the reference state and areas classified as degraded.
Forest Degradation Assessment
The final step in the analysis consisted of the integration of the indicators under a spatial context and their comparison against the references established before. The objective was to separate forest areas with changes over time from sectors that report a "stable condition" according to the methods described earlier. Next, the areas where changes were occurring were highlighted to provide information about the meaning of forest degradation (in terms of the indicator used) and the values associated with them (Mg/ha; gC/m 2 /year).
The methodological approach described here is shown in the flowchart in Figure 2 .
The methodological approach described here is shown in the flowchart in Figure 2 . 
Results
Estimation of Forest Degradation Indicators
Canopy Cover
From the period 1990-2014, a total of 74 canopy cover layers were extracted from the fractional maps that CLASlite™ produced. The forest canopy cover layers (derived from the fractional cover map) were 90% correct (kappa coefficient) with zero and 10% of quantity and allocation disagreement, respectively, based on 1000 pixels assessed independently using available high-resolution imagery from Google Earth™.
Net Primary Productivity (NPP)
The Normalized Difference Vegetation Index (NDVI) was highly correlated (r = 0.88, p < 0.05) to fPAR, according to the Pearson correlation coefficient. Therefore, we fitted a linear equation (a = −1.05, b = 2.45, R 2 = 0.76) that estimates fPAR as a function of NDVI.
PAR (MJ/m 2 ) estimated from the meteorological station network (Figure 3 ) was used to derive NPP shown monthly. Its variability over time is shown in Figure 2 . Given that Landsat imagery was not consistently acquired for all months of the years evaluated, where there was a lack of imagery, the closest Landsat imagery date to the required date was used to estimate NPP for a specific month. Therefore, we assumed that conditions of fPAR were similar on both dates. 
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PAR (MJ/m 2 ) estimated from the meteorological station network (Figure 3 ) was used to derive NPP shown monthly. Its variability over time is shown in Figure 2 . Given that Landsat imagery was not consistently acquired for all months of the years evaluated, where there was a lack of imagery, the closest Landsat imagery date to the required date was used to estimate NPP for a specific month. Therefore, we assumed that conditions of fPAR were similar on both dates. From the vegetation indices tested, only those having significantly high correlation coefficients with biomass but having low correlation between each other were selected and used for biomass estimation (Table 4) . 
Above-ground Biomass (AGB)
From the vegetation indices tested, only those having significantly high correlation coefficients with biomass but having low correlation between each other were selected and used for biomass estimation (Table 3) . Above-ground Biomass showed a significant positive correlation (α = 0.01) with most of the vegetation indices tested (Table 3) . However, the Variance Influence Factor was above 50 for all independent variables. The Principal Component Analysis (PCA) created new variables and allowed the fitting of models for each one of the epochs, reducing the multicollinearity issue. The first and second principal components explained 99 percent of the total variance (Table 4) . The predictive models for estimating AGB were statistically significant (p < 0.01) ( Table 5 ). Estimations of AGB were within the range that previous reports have made for this type of vegetation. The uncertainties associated with the estimations are represented as the standard deviation of the mean and can be seen in Table 6 . The error associated with the linear model for the period 04-07 (RMSE = 18.07 Mg/ha, RMSE% = 17%) obtained using the independent validation sample data was lower compared to the error presented by the 09-11 model (RMES = 29.75 Mg/ha, RMSE% = 71.34%). Both models, 04-07 (r = 0.75) and 09-11(r = 0.74), were successfully validated by comparing observed (15% of field data reserved for validation purposes) against estimated values.
Temporal Change Detection
The time series of imagery used here for canopy cover estimates had persistent and significant temporal gaps (as can be expected in a tropical forest [59] ). The BFAST algorithm was able to identify trajectories where areas with "stable" forest cover and where degradation occurred. Table 7 presents the results of the BFAST monitor process applied to four pixels as an example and summarizes trajectories identified during the process. Table 7 . Example of Breakpoint detection using BFAST. The trajectory analysis was able to identify and determine forest areas that maintained consistency in forest cover during the period of the analysis and those with changes over time (Figure 4) . The trajectory analysis was able to identify and determine forest areas that maintained consistency in forest cover during the period of the analysis and those with changes over time ( Figure  4 ). 
Pixel
Setting up a Reference State
To establish a benchmark for reference states, from the trajectory analysis (described earlier), we used the areas that maintained pixel observations above 80% of forest canopy cover as a base for the determination of "stable" forest cover. It has been assumed that the areas identified as "stable" are forest ecosystems that have reached maturity approaching an "equilibrium state". For these areas, therefore, the carbon stocks are regarded as a reference of the maximum capacity of the forest to accumulate Carbon under similar conditions [63] . The forest that remains "stable" (i.e., with no significant change in canopy cover during the period evaluated) represents 43% (7444 ha) of the total surface of the watershed ( Figure 5 ). value that was reached as aboveground carbon was 51.84 Mg/ha, and the maximum rate of fixation of Carbon was estimated as 844 gC/m 2 /year ( Table 9 ). The integration of the different elements for the assessment and monitoring of forest degradation enabled the identification of areas that maintained a "stable" condition and areas that changed over the period evaluated. The latter are labelled as "forest degradation" areas ( Figure 6 ).
The integration of the methods showed that the sub-watersheds in the study area with higher population density ("E. Zapata", "31-132", and "Xul") have the upper rates of forest degradation (2865, 1611, and 1596 ha/year, respectively). Aboveground biomass estimations in forest areas identified as "not degraded" were in the range of 20 to 108 Mg·ha −1 ; meanwhile, in "degraded" areas, the range classified as "degraded" ranged from 1 to 24 Mg ha −1 . The mean value of Net Primary Productivity for The "stable" forest cover layer identified was used to determine and delineate areas where the carbon capacity of the forest was set according to estimations of above-ground carbon density. Since the carbon capacity in this study was taken as equivalent to the total carbon in the ecosystem, the value that was reached as aboveground carbon was 51.84 Mg/ha, and the maximum rate of fixation of Carbon was estimated as 844 gC/m 2 /year (Table 8) . The integration of the different elements for the assessment and monitoring of forest degradation enabled the identification of areas that maintained a "stable" condition and areas that changed over the period evaluated. The latter are labelled as "forest degradation" areas ( Figure 6 ). 
Discussion and Conclusions
The approach followed in this study intends to support and complement national strategies for monitoring, verification and reporting of deforestation and forest degradation, especially in developing countries, where technical capacities and lack of data could be a major obstacle to monitoring changes in forest structure. This study showed that it is possible to produce, at minimum costs and with available data, maps with information about the status of forest cover and estimations of total carbon stocks and productivity that ultimately can be used as tools for decision making concerning the volumes of Carbon involved, not only under the REDD+ strategy but also for national forest policies.
The spatial information produced by the methods proposed here, depending on their final use, would require adaptation and more processing, in order to be directly useful to other fields of enquiry, for example in biological applications. Thus far, information is only mapped at the pixel level (pixel resolution of 30 by 30 m) while most ecological users would prefer to work with patchlevel phenomena. Moreover, the original maps typically include single-pixel noise ("speckle") that is too small to either validate or interpret. Therefore, the next critical phase is one of spatial filtering, where adjacent pixels experiencing similar processes are grouped together into patches, and pixels in tiny patches are removed.
The results suggest that it is possible to produce clear canopy cover and biomass estimates at high resolution over relatively large areas. Since there are several options for the estimation of canopy cover, such as empirical modelling [64] , regression trees [23] and spectral mixture analysis [65] , this research adopted the spectral mixture analysis approach proposed by Asner et al., (2009) because it The integration of the methods showed that the sub-watersheds in the study area with higher population density ("E. Zapata", "31-132", and "Xul") have the upper rates of forest degradation (2865, 1611, and 1596 ha/year, respectively). Aboveground biomass estimations in forest areas identified as "not degraded" were in the range of 20 to 108 Mg·ha −1 ; meanwhile, in "degraded" areas, the range classified as "degraded" ranged from 1 to 24 Mg ha −1 . The mean value of Net Primary Productivity for each one of the years evaluated was used as the threshold value for nondegraded areas. The areas classified with low NPP (<205 gC/m 2 /year) were located near urban settlements, which matches the results found earlier with Canopy cover (Figure 6 ).
The spatial information produced by the methods proposed here, depending on their final use, would require adaptation and more processing, in order to be directly useful to other fields of enquiry, for example in biological applications. Thus far, information is only mapped at the pixel level (pixel resolution of 30 by 30 m) while most ecological users would prefer to work with patch-level phenomena. Moreover, the original maps typically include single-pixel noise ("speckle") that is too small to either validate or interpret. Therefore, the next critical phase is one of spatial filtering, where adjacent pixels experiencing similar processes are grouped together into patches, and pixels in tiny patches are removed.
The results suggest that it is possible to produce clear canopy cover and biomass estimates at high resolution over relatively large areas. Since there are several options for the estimation of canopy cover, such as empirical modelling [64] , regression trees [23] and spectral mixture analysis [65] , this research adopted the spectral mixture analysis approach proposed by Asner et al., (2009) because it offers a standard procedure and has proven its applicability in the REDD+ context [66] .
Concerning aboveground biomass, its estimation also turned out to be relatively accurate (r = 0.74, and RMSE = 29 Mg/ha), although problems with saturation above certain biomass values have been pointed out [67] . Some authors highlighted that including short wave infrared (SWIR) bands in the construction of AGB models may enhance sensitivity to the canopy water content and shadow fraction [68] . As a consequence, the capacity to predict AGB is improved. The best predictor models were precisely those that included vegetation indices based on calculations that included SWIR bands. It is important to notice that this type of approach can optimise resources used to obtain estimates of carbon with relative accuracy and a low cost, under the standards of MRV and REDD+. From estimations of AGB, it can be noted that low values of biomass correspond to areas that are very close to urban settlements and in consequence, are more prone to human disturbance and suffer some type of degradation [19] . It is important to note that the results from the estimations of AGB respond to the method used and the source of the data. From the Forest inventories that the National Forestry Commission provided, there are some inconsistencies in the data, and, as far as it can be possibly known, no quality control. In data from 2004-2007, quality control was undertaken; therefore, these data were deemed reliable. The results also showed the limitations that Vegetation indices could have in predicting biomass, due to problems of saturation.
The Net Primary Productivity of the forests also proved its value in identifying and mapping forest degradation. NPP is a forest parameter that is difficult to estimate empirically and can be subject to high levels of uncertainty [43, 69, 70] . The average values of Net Primary Productivity estimated from the years 2007-2013 in this study are closely comparable to those reported for similar ecosystems elsewhere [71, 72] . It is possible to observe from that lower values of NPP were located near urban settlements and agricultural fields. This pattern of low NPP values near settlements and human activities suggests that the forests are being degraded (e.g., land cover modifications due to the dynamics of slash-and-burn agriculture) and that this degradation is related directly to human activities.
Although NPP estimations are difficult to perform and validate due to lack of field data, programs such the INIFAP's meteorological network that register climatic variables every 15 min, and Eddy covariance towers networks, along with remote sensing data, are promissory elements to support NPP modelling in a reliable way in the Mexican context for the purposes of the REDD+ programme.
All human land activities that reduce the current carbon stock in a natural forest and therefore its natural carbon carrying capacity need to be included as the main driving forces and pressures on forest degradation, especially from a climate change perspective [73] .
The determination of appropriate threshold values for classifying forest areas into forest degradation is crucial. The evidence has suggested that undisturbed forests can contribute significantly to the establishment of a benchmark that would enable the separation of "undegraded" and "degraded" forest classes. In the case of AGB, previous studies indicate that higher values of AGB are likely to be encountered in undisturbed natural forests [12, 63, 74] .
The procedures used in this study can be updated and implemented with satellite imagery of higher resolution (temporal and spatial), but this may require incurring significant costs. Organizations dedicated to the production of new remote sensing products and tools have developed new satellites sensors with higher spatial resolution, which represent a new age of terrestrial observation and digital mapping that can be applicable for the purposes of programs like REDD+ [75] [76] [77] [78] [79] .
The improvements in spatial resolution (pixel size), spectral resolution (number of wavebands), radiometric resolution (sensibility to detect radiation changes) and temporal resolution (data acquisition frequency), in optical remote sensing, bring the possibility of developing improved capabilities for measurement in quasi-real time [7, 28, 80, 81] . These advances can be implemented at both, regional and national scales and may be used for national planning or REDD+ related monitoring verification systems, but also it is worth noting that the exploration of data fusion and the inclusion of active remote sensing data (e.g., Radar and LiDAR) as sources of information are promising research areas.
The decision to access the Landsat archive as the main source of satellite imagery was based on considerations of the availability and length of the historical archive and in the confirmed continuity of the program, at least until 2025 with Landsat 9 [17] . Moreover, Europe's Copernicus Earth Observation program includes the Sentinel-2 satellites designed to provide, under a free and open data policy, multiple global acquisitions with similar spectral and spatial characteristics as Landsat, ensuring continuity and a more robust archive to monitoring Earth's surface [28] .
Within the REDD+ context, it is necessary to understand and identify the activities that are the drivers and pressures causing forest degradation. Further research on drivers and local activities is needed not only for formulating appropriate REDD+ strategies and policies but also for understanding the causal relationships at play in any given regional context. This would allow for the definition of suitable methods for measuring and monitoring drivers and local activities causing deforestation and forest degradation. The direct impact that climate change is having over physiological processes (e.g., productivity of tropical forests) and the spatial distribution of some species is also considered as future and a worthy avenue for enquiry and direction of research efforts.
